This research investigated an observer's ability to track and maintain multiple uniquely identified objects in a dynamic environment similar to ATC. The experimental task consisted of tracking a set of moving objects for twenty seconds. The objects were 6-character strings; three letters followed by three numbers. After tracking the objects for twenty seconds, the participants were instructed to locate a target-object. The time required to find the target object was recorded. The number of objects and the magnitude of direction changes (entropy) were manipulated. We found (1) a highly significant effect of increasing response times as a function of number of objects, (2) a marginally significant effect of entropy, decreasing response times as a function of entropy, and (3) a significant effect of displacement, increasing response times as a function of objects' displacement.
Increasing the air traffic control (ATC) systems' capacity and efficiency while improving safety and reducing costs are critical concerns in ATC modernization efforts worldwide. Technological solutions are the primary means to simultaneously achieve these goals, but performance of human controllers in the changing operational environments is equally if not more important. Predictive models of controller performance have therefore become indispensable in the development of automation systems relating to ATC. Performance models could also be used to protect the system from controller errors (Charlton & O'Brien, 2002) .
Good situation awareness (SA), or "picture" in controller jargon, is critical for continual assessment of the changing locations of aircraft and their projected future locations relative to their flight plan and to each other. The three levels of SA (Endsley & Garland, 2000) are hierarchical in that perception of the elements in the environment (Level 1) is a prerequisite for comprehension of their meaning (Level 2), which in turn is necessary for projection of their future status (Level 3). Automation, however, has been shown in some cases to be a barrier to development and maintenance of SA (Carmody & Gluckman, 1993; Endsley & Kiris, 1995) , and it is easy to see how monitoring increasing number of aircraft allowed by automation might erode controllers' basic Level 1 SA.
In the present-day ATC infrastructure aircraft will proceed through a given airspace according to a given flight plan and the phase of flight in a sector (e.g., approach, departure, or en route) in a very predictable manner. Controllers can usually detect deviations from such normal trajectories quickly (Wickens, Mavor, & McGee, 1997; Wickens, Mavor, Parasuraman, & McGee, 1998) . Under free flight, however, pilots may choose trajectories and change them without controller action or approval. Such decrease in predictability of aircraft trajectories may result in poorer situation awareness and compromise controllers ability to detect potential separation problems (Endsley & Rodgers, 1996; Mogford, 1997; Endsley et al., 1997; Metzger & Parasuraman, 2001) .
A particularly apt paradigm for researching and modeling air traffic controllers' tasks and performance in maintaining awareness of the traffic situations is multiple object or -identity tracking (MOT/MIT). Aircraft trajectory uncertainty in turn may be modeled by the concept of entropy. We will consider entropy first.
Entropy
The projected uncertainty of aircraft (or any moving object for that matter) trajectories under mature free flight may be quantified using the concept of entropy. Past MOT research has not attempted to quantify an objects motion in terms other than velocity nor have the frequency or the magnitude of direction changes been systematically manipulated. If the velocities and the rate of direction change of a set of moving objects are all equal, then the entropy of any one object could be quantified using a modified version of the entropy formula introduced by Shannon, 1948 :
where n is the number of bins the range of possible direction changes is divided into and p(x i ) is the probability of turning in the direction associated each bin x. When entropy is zero, the probability of going straight is 1.0 and the probability of all other directions is 0. When entropy is at its maximum, the probabilities of all magnitudes of direction changes are equal. Shannons equation used a base 2 logarithm whereas Equation (1) uses a base of n, which ensures that H(x) = 1 when the probability of every one of the n direction changes are equal (max. entropy) and H(x) = 0 when the probability of going straight is 1.0 (min. entropy).
Visual Attention and Multiple Object Tracking
Most models of visual attention are based on fixed-or limited-capacity parallel processing. Fixed-capacity parallel models have been used to describe both general static visual attention (Bundesen, 1990; Logan, 1996 Logan, , 2002 Bundesen, Habekost, & Kyllingsbaek, 2005) and dynamic visual attention Pylyshyn & Storm, 1988) . All these models assume that multiple visual objects can be selected and spatially tracked in parallel, either preattentively (Pylyshyn & Storm, 1988) , attentively or a combination of both (Bundesen, 1990; Logan, 1996 Logan, , 2002 Bundesen et al., 2005) . Pylyshyn & Storm, 1988 most explicitly define fixed capacity at 4-5 FINgers of INSTantiation, or FINST, visual indexes that move along with the moving objects, as if the fingers were glued to the tracked objects. The multi-focal model of posits four attentional foci, two of which are tracked from the left visual field and two from the right visual field.
The MOT task has been used widely in the study of sustained multiple-locus of attention. Clearly, ATC could be considered a real-life MOT task; controllers must maintain an up-to-date picture of the rapidly changing locations of aircraft and their projected future locations relative to each other (Endsley & Jones, 1996) . Past research has shown that selection of objects to be tracked can be automatically induced by exogenous cues that are automatic and data-driven, or attention can be voluntarily allocated by symbolic or endogenous cues (Theeuwes, 1994) . While Pylyshyn has provided abundant evidence that selected objects are available simultaneously, it is not clear whether they must be selected automatically (and preattentively) or whether some voluntary and perhaps serial process may be involved. The latter has obvious implications to controller workload and performance. Since the objects (i.e., aircraft) appearing on ATC displays are not distinguishable without higher-order representations (conjunctions of features) that can only be computed slowly, following selection, and perhaps even at just one location at a time (Humphreys, Gilchrist, & Free, 1996) , serial models appear suitable for capturing the features of controllers Level 1 SA (cf. Pylyshyn & Annan, 2006) .
Model of Multiple Identity Tracking
The Model of Multiple Identity Tracking (MOMIT) accounts for both the parallel and serial aspects of dynamic visual attention (Pylyshyn & Storm, 1988) . MOMIT is based on five premises: (1) Efficient maintenance of multiple dynamic objects requires non-automatic (serial) and effortful serial refreshing (or reactivation) of identity-location bindings lest they be lost, necessitating continual shifting of attention between targets; (2) the number of identity-location bindings that can be simultaneously kept active in the episodic buffer is limited and varies significantly between individuals; (3) long-term memory facilitates bindings, resulting in better tracking performance for familiar than unfamiliar targets; (4) as targets continuously move there is a location error in the spatial index stored in visual short-term memory (VSTM); and (5) the system responsible for switching attention during tracking also obtains location information of moving targets in parallel though peripheral vision. However, unlike the information provided by VSTM, this spatial information is not indexed (Oksama & Hyönä, 2008) .
Predicting an object's future location (Level 3 SA) requires that in addition to an object's location also its direction of travel and speed are bound to identity; such mental extrapolation is known as representational momentum (Freyd & Finke, 1984; Finke & Shyi, 1988) . When an object changes direction before its identity-location binding is refreshed, the anticipated object location might not be accurate. If controllers use something like a velocity vector to project aircraft locations in the future, then increases in the aircraft entropy should decrease controllers tracking performance and situation awareness.
There are some fundamental differences between the classic MOT paradigm and ATC, however, that make direct application of MOMIT to ATC difficult. In ATC, all objects on controllers' displays usually need to be tracked and no objects qualify as simple distracters. Without distracters (which allowed for signal detection theory to be used to quantify performance in past MOT research) and without eye tracking equipment the only feasible performance measure is response time, or the time required to find a target object in the set total objects. Relating performance in terms of signal detection to performance based on response time is not trivial.
Goals and Hypotheses
Our main objective was to apply a novel human performance model (i.e., MOMIT) to a task similar to ATC. Therefore, the experimental task involved objects that looked like aircraft callsigns, traveling at speeds close to what are found on ATC displays, object set-sizes similar to ATC, and requiring all objects to be tracked (no distracters). We also wanted to explore how entropy, which has never been systematically manipulated in MOT/MIT experiments, might affect tracking performance. If an object's future location can be predicted based on its current direction and speed of travel, then tracking performance should suffer with increasing entropy. On the other hand, since object displacement has been shown to negatively affect tracking performance (Keane & Pylyshyn, 2006) and as average displacement decreases as a function of entropy, increasing entropy might actually improve performance.
METHOD Participants
Based on an α = 0.05, 1 − β = 0.8 and the desire to detect a medium effect size (r = 0.3), the target sample size was 30. Thirty-one students (15 male, 16 female) were recruited from the undergraduate population of Rochester Institute of Technology. All signed an informed consent to participate and were compensated by extra course credit. All participants had normal or corrected to normal vision, three were hearing impaired.
Stimuli
The objects the participants were instructed to track were 6-character strings. The strings consisted of a 3-letter International Civil Aviation Organization (ICAO) airline designator picked randomly from a table of real airline designators followed by a random 3 digit number between 100 and 999. A mono-spaced font was used to ensure the width of all objects remained constant and a font size of 12pt ( 16px) was used requiring participants to use focal vision to clearly see and recognize the object. The initial object locations were randomized (and pseudo-uniformly distributed) at the beginning of each trial. The index of dispersion, Diggle, 1983 , was used to ensure that the "quality of dispersion" of object sets was equal between participants. Similarly, the initial direction of travel (in degrees from 0 to 359) was also picked randomly at the beginning of each trial. See Hope, 2009 for details of these algorithms.
Independent variables
Number of moving objects: 4 levels (4, 9, 14, 19). Since our primary goal was to predict air traffic controller performance, the range of number of objects mimicked what a real controller might experience. In past MOT experiments, the most number of moving objects used at one time was typically around 8 to 10 objects in total with a subset of those objects (usually about 1 to 5) being target objects (objects which the participant is supposed to track). In our experiment the highest number of moving objects was 19, and unlike past studies, any object could be a potential target. Since Storm, 1988 and Oksama & Hyönä, 2008 showed performance tracking is near perfect with around 4 or less objects, 4 was chosen as the lowest level of the number of objects.
Entropy of object: 3 levels (0.00, 0.69, 1.00). The probability distributions used with Equation (1) to calculate the three levels of entropy were created first by dividing the range of possible direction changes (−35 • to 35
• relative to an objects current direction of travel) into 19 equal bins (n = 19). There was initially four levels of entropy; however, in order to reduce the length of the experiment, the low entropy condition, H(x) = 0.34, was dropped. As a result, the medium entropy condition, with H(x) = 0.69, objects changed direction every 7 steps (one complete cycle of the loop in the experimental program moving the objects). For the H(x) = 1.00 condition, objects changed direction every 7 ± 2 steps determined randomly at the beginning of each trial for each target. The number of steps objects took before changing directions (k) remained constant for the duration of the trial.
Design
The present study was a 4 × 3 × 5 fully factorial withinsubjects design. The 4 levels of the number of objects and the 3 levels of the entropy created 12 experimental blocks. Each participant performed 5 consecutive trials in each of the 12 experimental blocks creating 60 observations from each participant. The order of the 12 blocks was random for each participant instead of counterbalanced. With 31 participants, each block had 155 observations, for a total of 1860 observations.
Dependent variables
The main dependent variable was the time required to find the target object starting from the moment the targets were masked and ending the moment the target object was clicked (response time). Directly measured response time was used to indirectly measure Level-1 situation awareness. If participants had maintained an awareness of the object identities and locations while they were moving, they should have been able to click the target object immediately without checking identities of other objects, resulting in a very short response time.
Task and Procedure
Participants were seated approximately 16" away from a 17" screen. Before starting, participants were reminded to find the target object as quick and accurately as possible. There were 65 trials in total; 1 block of 5 practice trials followed by 12 blocks (each block representing a combination of the independent variables) of actual trials. At the beginning of each trial, the objects were drawn on the screen and remained motionless for n 0.5 seconds where n was equal to the number of objects on the screen at that time. After this "preview" period, the objects moved for 20 seconds. The objects then stopped moving and the identity of each object was masked (changed to "$$$$$$"). At the same time, a message at the bottom of the screen appeared instructing the participant to click on a target object. When the cursor was moved over a masked object its identity was revealed; when the cursor was moved off an object the object was re-masked. To complete a trial the participant was required to click on the target object. The order in which the blocks were presented was random for each participant to minimize the effects of practice and/or fatigue.
RESULTS
All analyses were done with the R statistical computing language. Analysis of variance computations were done with the aov function in the stats package for R. Linear and nonlinear mixed-effects model computations were done with the lmer and nlmer functions in the lme4 package for R (Bates, Maechler, & Dai, 2008; R Development Core Team, 2008) . The response times were non-normally distributed and thus log-transformed in all calculations and analyses.
Preliminary Analyses
Outliers. Potential completion time outliers were detected using the modified Z-score by Iglewicz & Hoaglin, 1993 . Z − scores were calculated based on the log of "response time divided by number of objects". Only 4 of the 1860Z − scores (absolute values) were above the outlier criterion of 3.5. The complete data set was subsequently used in the remaining analyses.
Dispersion of initial object locations. It was possible that the dispersion of initial object locations formed patterns that might have affected performance. The index of dispersion, Diggle, 1983 , was used to rate each trial's "quality of dispersion". The index of dispersion along the X and Y axis (I x and I y ) was calculated for each trial. Twenty-four chi-square goodness-of-fit tests were performed to determine if I x and I y were equally distributed among participants for each of the twelve factor combinations. The distribution of I x and I y were unequal among participants only for a few of the conditions with 4 objects, probably due to the index of dispersion being most reliable when m > 6. We conclude that inequalities in the dispersion of the four objects between participants were unlikely to have an impact on their performance in the easiest of conditions.
Analysis of Variance
Planned contrasts. A planned linear contrast of number of objects with lambda weight assignments of −3, −1, 1, and 3 for 4, 9, 14, and 19 objects respectively, was performed for response time. As predicted, the contrast for the targets was significant, t(30) = 24.22, p < 0.001, r = 0.98. Similar analysis of entropy using the lambda weights of −1, 0 and 1 for the three entropy levels was performed for response time. As predicted, the contrast for entropy was significant, t(30) = −2.23, p = 0.018, r = 0.38, but to the opposite direction of what was predicted; completion times were faster in the high entropy than in the no entropy conditions. Omnibus ANOVA. A three-way (Number of Objects × Entropy × Replicate) within subjects analysis of variance showed a significant main effect of number of objects on response time, F(3, 90) = 338.65, p < 0.001. The main effect of entropy was marginally significant, F(2, 60) = 2.70, p = 0.075. Neither the main effect of replicate or the interaction between number of objects and entropy were significant, see Figure (1) .
Analysis of covariance. To make sure that the randomization of initial object locations or the randomization of block order did not influence response time, four mixed-effects models were created. The base model included "Number of Objects" and "Entropy" as fixed factors and "participants" as a random factor; the mixed-effects equivalent of a within-subjects ANOVA. The remaining three models included, in addition to the what was included in the base model, block order, I x , or I y as a random factor. The Akaike's information criterion (AIC), a goodnessof-fit measure for mixed-effects models, was lower for the base model than other models which suggests that the randomization of block order and initial object locations did not influence completion time.
Entropy and Displacement Per Second
Since entropy had an inverse relationship with average displacement per second, its marginal significance could be related to an unknown factor influencing displacement. Speed and the rate of direction change were held constant in the experiment, so only entropy could have affected average displacement per second. To compare the effect sizes of entropy and average displacement per second, two mixed-effects regressions were performed; both regressions included participants as a random factor. The first regression included number of objects and entropy as fixed continuous factors, the second regression included number of objects and displacement per second as fixed continuous factors (see Hope, 2009 for details of how the average displacement per second of each entropy level was determined). The average displacement per second (DPS) for the zero, medium and high entropy conditions was 86.87, 83.83, 74.56px/s, respectively. Based on an average viewing distance of 16" and 72px/in, these are equivalent to 4.32, 4.17, and 3.71 degrees of visual angle per second, reaffirms that as entropy increases the displacement of the object decreases.
The results of these regressions confirm the inverse relationship between entropy and displacement per second. The relative similarity in significance and effect size suggest that entropy and displacement per second both measure the same aspect of an object's motion and quantify the amount of uncertainty associated with an object independent of the object's Figure 1 . The average completion time for each combination of the factors "Entropy" and "Number of Objects". The signficant main effect of the "Number of Objects" factors is clearly visible as is in significant (but inverse) main effect of the "Entropy" factor. The error bars represent 95% confidence intervals.
speed. In light of average displacement per second having a slightly larger effect size (t(30) = 2.72, p = 0.011, r = 0.44) than entropy(t(30) = −2.30, p = 0.028, r = 0.38), the final displacement of the target object was included as a covariate in addition to displacement per second and a third regression was performed. The effect size target displacement (t(30) = 3.90, p < 0.000, r = 0.57) was much larger than the average displacement per second (t(30) = 1.28, p = 0.210, r = 0.22).
DISCUSSION
This research investigated an observer's ability to track and maintain multiple uniquely identified objects in a dynamic environment similar to ATC. We found (1) a highly significant effect of increasing response times as a function of number of objects, (2) a marginally significant effect of entropy, decreasing response times as a function of entropy, and (3) a significant effect of displacement, increasing response times as a function of objects displacement. The observed deterioration of tracking performance as a function of object set-size is consistent with numerous other studies with similar tracking tasks (Yantis, 1992; Pylyshyn & Storm, 1988; Oksama & Hyönä, 2008) . The influence of entropy, however, has not been systematically manipulated or studied. Our finding that performance improved with increasing entropy is opposite to our hypothesis and Finke & Shyi, 1988 the concept of representational momentum. This finding could be explained by our experimental task, which may have been too difficult to develop higher-order representations such as velocity vectors, or by the relatively short duration of each trial, allowing insufficient time to develop higher-order representations in the trials with many objects. On the other hand, small displacement of objects at high entropy levels allowed participants to find remembered objects close to where they were last observed. This suggests a very different kind of tracking strategy, one which relies on static mental models of objects locations, instead of dynamic representation of velocity.
Our systematic manipulation of displacement through changes in entropy while keeping velocity constant makes a unique contribution to the field of object tracking research. The small effect size of the entropy manipulations is most likely due to the relatively small differences in the displacement per second once converted to degrees of visual angle. The difference in displacement per second between the low and high entropy conditions was only 0.61
• VA/s. In comparison, Oksama & Hyönä, 2008 used velocity manipulations that resulted in differences in velocity as large as 9.7
• VA/s; the smallest difference in velocity was 3.9
• VA/s. The relationship between displacement per second and the location error component of MOMIT is quite evident. The lower the displacement per second, the closer an object stays to its last known location. Thus, the location error will be lower with high entropy than it will be with low entropy. This fits well with location error component from MOMIT. Since the concept of displacement captures not only changes in velocity but also changes in direction of travel, average displacement per second is a more robust measure of the uncertainty of an object from motion than speed.
The new experimental paradigm created here could be used as a basis for future research, with increasingly realistic tasks. The main results of the effect of displacement rather than uncertainty on tracking performance has important implications to modeling air traffic controllers' performance under free flight, which may be better modeled after static visual search paradigms rather than assume that velocity vectors are part of controllers' Level-3 SA.
Our experimental task had certain limitations which should be addressed in future research. The objects in the experiment "bounced" off the edge of the screen, which is unrealistic and affected the total displacement of the object, potentially confounding with entropy. The speed of the objects on the display, 4.32
• VA/s , was also quite a bit higher than aircraft on common ATC displays, which vary from as low as 0.05
• VA/s to up to 0.2
• VA/s. Future experiments should therefore strive to use stimuli which move quite slowly, as well as include other task characteristics commensurate to those of air traffic controllers.
